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A Mixture Variational Autoencoder Regression Model for Soft Sensor Application

CUI Lin-Lin*? SHEN Bing-Bing"? GE Zhi-Qiang"’

Abstract Recently, variational autoencoder (VAE) has caught much attention from academia and industry owing
to its superiority in probabilistic data description and feature extraction, and has been introduced into industrial
applications such as process monitoring, diagnosis and soft sensor modeling. However, traditional soft sensing meth-
ods based on VAE use the Gaussian distribution as the distribution of latent variables, which limits their ability to
model complex industrial process data, especially multimode data. To tackle this issue, a mixture variational au-
toencoder regression (MVAER) model is proposed and applied to soft sensor modeling for complex multimode in-
dustrial processes in this paper. Specifically, the proposed model maps multimode data to the latent space by non-
linear mapping and uses the Gaussian mixture model to describe the distribution of latent variables. Thus, the lat-
ent variables under each mode are learned to obtain the effective feature representation of the original data. Mean-
while, a regression model between latent features and key quality variables is established for soft sensor application.
Case studies including a numerical example and a real-world industrial process are carried out to assess the perform-
ance of the MVAER model, which demonstrate the effectiveness and superiority of the proposed approach.

Key words Soft sensor, variational autoencoder, Gaussian mixture model, mixture variational autoencoder regres-
sion model, multimode industrial process
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Table 2 Performance evaluation indices of PLS, GMR,
AE, VAE and MVAER models
T PLS GMR AE VAE MVAER
RMSE 33.2076 9.2463 25.0299 25.3014 6.1914
R? 0.3964 0.9532 0.6571 0.6496 0.9797

Table 1  Configuration of the numerical example
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Fig.4 Data pattern of the numerical example
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